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Abstract—Depression and anxiety are among the most common
responses to large-scale traumatic episodes (e.g. pandemics or
armed conflicts), particularly when these involve prolonged
restriction measures for the population. The goal of this study is
to predict the extent of depressive symptoms, evaluated using the
Beck Depression Inventory-II (BDI-II) scale, during the COVID-
19 lockdown, starting from scores of multiple psychological scales
collected prior to the lockdown. More importantly, we aim to
identify the most influential features driving these predictions
through eXplainable AI (XAI) techniques. To this end, we selected
Gradient Boosting as our predictive model and applied SHapley
Additive exPlanations (SHAP) to assess feature importance. We
then generated Partial Dependence Plots (PDPs) on the top-
ranking features identified by SHAP to further explore their
impact on the model’s output. Scores from Item 9, Item 3, and
Item 1 of the BDI-II scales, regarding Suicidal Thoughts, Sadness
and Failure emerged as key predictors in the model.

Index Terms—Machine Learning, Explainable AI, depression

I. INTRODUCTION

Environmental stressors are one of the causes that may
trigger psychiatric symptoms in sensitive individuals, or ex-
acerbate the severity of previously occurring conditions [1].
Lockdowns and limitations imposed because of the COVID-
19 pandemic caused a variety of indirect psycho-social con-
sequences, such as enforced isolation, change of established
social behaviors, and worries about what lies ahead due to
health and economic instability. Increased levels of depression
were experienced by both the general population and psychi-
atric patients, along with a strong rise in suicidal thoughts
and insomnia episodes [2]. In this scenario, it is crucial to
understand which psychological characteristics to monitor to
prevent the onset of depressive symptoms with the aim of
improving the well-being of the population.

Machine Learning (ML) has been commonly used for
finding complex correlations between variables and making
accurate predictions across various domains, including health-
care, finance, networking and behavioral sciences [3], [4]. In
the medical field in particular, ML has emerged as a powerful
tool for managing data, allowing the discovery of patterns and
predictors across many disciplines including health diagnos-
tics [5], cancer prognosis [6], and diabetes management [7],
[8].

In the first stages of the COVID-19 outbreak, ML was
adopted by means of multiple logistic regression algorithms, a

type of supervised learning, to determine predictors of anxiety
and depression: a study among the Brazilian population indi-
cated that women, younger individuals, and adults with fewer
children were at greater risk of developing these symptoms [9].
ML has also been used to assess whether factors such as stress,
sleep quality, and personality were related to depression levels
measured by the Beck Depression Inventory-II (BDI-II) scale,
an index of depression severity. Positive associations were
found, and the models showed high accuracy in distinguishing
between different depression levels [10]. ML has also been
applied to recognize anxiety and depression through gait
analysis. Fifty participants provided responses according to the
BDI-II scale before walking in front of a Kinect sensor, able to
record their gait. Algorithms such as Support Vector Machines
(SVM), and deep neural network were adopted to predict
anxiety and depression from gait features achieving high
accuracies [11]. An SVM model based on acoustic features
demonstrated strong capabilities in identifying individuals with
major depressive disorder from healthy ones, with the same
performance of an SVM model based on BDI-II scores. The
model was trained on recording of patients discussing positive
and negative life events [12]. Random Forest regressors were
applied to data collected from cognitive and behavioral tests
from 237 individuals with different anxiety and depression
levels, evaluated by the State-Trait Anxiety Inventory (STAI-
Y) and BDI-II scales. The analysis identified bias patterns
unique to anxiety, as well as those common to both anxiety
and depression [13].

Leveraging these approaches, this study aims to predict
depression severity during a restriction period, from psycho-
logical scale scores collected before the lockdown. The goal
is to identify specific instruments to detect higher risks of
developing or increasing depression during pandemic related
restrictions by analyzing the pre-lockdown clinical profiles of
individuals.

The geographical context in which we carried out our
research adds value to this work, since Italy was heavily
affected by the COVID-19 pandemic, and its population
strongly perceived the strict lockdown measures. Leveraging
this unique context, the aim of this work is twofold: first, to
predict the level of depression during large-scale lockdown
based on demographic data and scores from psychological
scales; and second, to identify through eXplainable AI (XAI)



TABLE I: Demographic and medical history data of participants. For Education: P stands for Primary, M for Middle, H for
High, U for University.

Gender Age Education Health
worker

Positive to
COVID-19

Medical
comorbities

Family issues
due to lockdown

Family history
of OCD

Female Male [0; 25] [26; 50] [51; 99] P M H U Yes No Yes No Yes No Yes No Yes No
43 51 15 46 33 2 26 43 23 4 89 15 78 34 59 6 85 10 83

techniques the specific questionnaire items that contribute
most to the prediction, thereby supporting informed clinical
decision-making.
In this paper, Section II provides a detailed description of
the data collection process, the clinical measures, the ML
algorithms employed, and the principles behind SHAP-based
explainable AI. Section III reports the performance metrics
of the models along with the results of the SHAP and PDP
analyses. Eventually, conclusions are drawn.

II. EXPERIMENTAL SETUP

A. Participants

For this study, three groups of participants were involved.
Alongside a cohort of 29 healthy subjects used as a baseline,
two samples of patients from the University Hospital ‘Federico
II’, in Napoli, Italy, were recruited: one sample of 46 patients
with obsessive-compulsive disorder and another of 19 suffer-
ing from adjustment disorder. Patients, aged from 18 to 70
years, exhibited psychopathological stability at the beginning
of the process. The selected healthy subjects had no prior
history of psychiatric illness and possessed demographic char-
acteristics (e.g., age, sex, education) closely matching those
of the clinical samples. Collected data from the participants
included demographic information and psychiatric medical
history information. The total 94 participants were assessed at
two distinct time points: at t0, prior to the pandemic, and at t1,
during the lockdown. Table I reports the detailed demographic
and medical history characteristics of participants. Further
clinical characteristics for all three groups are provided in [14].
This campaign was approved by the Ethics Committee for
Biomedical Activities of the affiliated University Hospital, as
documented in protocol number 152/20, dated 22 April 2020.

B. Clinical Measures

Data collected from the campaign were linked with multiple
psychiatric assessment scores, obtained from patients’ medical
records or interviews. In the following, details about the scales
are discussed.

The Yale–Brown Obsessive-Compulsive Scale (Y-BOCS)
considers both current and lifetime manifestations of
obsessive-compulsive disorder symptoms. It is commonly
adopted to evaluate both the presence and severity of symp-
toms. The test is in the format of a symptom checklist, taking
into account obsessions and compulsions. Each symptom is
first classified as present or absent and then rated by severity.
The severity scale consists of 5 items related to obsessions
and 5 to compulsions, each rated on a scale from 0 to
4. Symptoms are assessed over the previous week across
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Fig. 1: CDF of BDI-II scores at t0 (before lockdown) and
t1 (during lockdown): a rightward shift at t1 indicates higher
levels of depression during the lockdown period, compared to
the baseline from the previous period.

multiple dimensions, including time spent, distress, resistance,
interference, and control [15].

The Brown Assessment of Belief Scale (BABS) is an instru-
ment designed to assess how strongly individuals hold their
beliefs and their delusionality. It is administered by clinicians
and comprises seven items. The total score comes from the
first six items, plus an additional item that is rated separately.
Items are scored from 0 to 4, where 4 indicates poorer insights
or more delusional thinking [16].

The Beck Depression Inventory-II (BDI-II) is widely
adopted to assess the severity of depressive symptoms through
a 21-item questionnaire. Symptoms are rated on a scale from
0 to 3, where 3 stands for higher levels of severity [17].

The State-Trait Anxiety Inventory-Y (STAI-Y) is a psycho-
logical assessment tool evaluating two forms of anxiety: state
and trait. It comprises 40 self-report items that are rated on a
4-point Likert scale [18].

To support the prediction goal of our research, the four
scales were administered to the research cohort at two distinct
assessment points: prior to the COVID-19 pandemic (t0) and
during the Italian national lockdown (t1), which occurred
between March and June 2020. Owing to social distancing
restrictions, follow-up assessments during the lockdown were
administered through phone interviews by trained clinicians
who were unaware of the participants’ clinical conditions.

Pre-processing steps were performed prior to applying ML
algorithms to the dataset, such as handling NaN values and



data standardization.

C. Prediction

In this study, pre-lockdown scores from the four scales are
used as input features for predictive modelling. The target
variable was the corresponding score from BDI-II scale, which
measures depression during the lockdown period. By ana-
lyzing pre-lockdown scale values alongside demographic and
medical history data, ML algorithms were trained to predict
the psychological outcomes during the lockdown. Specifically,
our goal is to predict depressive severity at t1, during the
lockdown, assessed using the BDI-II scale, by utilizing scores
from other psychological scales collected at t0, prior to the
lockdown. The CDFs of the BDI-II scores mentioned above
are shown in Fig. 1, illustrating the increase in BDI-II values
at t1 and highlighting the negative impact of the lockdown.
Target BDI scores were categorized into two levels: scores
between 0 and 19 were classified as low depression (label =
0), while scores between 20 and 63 were classified as high
depression (label = 1). The individual raw scores of all scale
items at t0 were the input features used for the prediction
models. Conversely, the clustered values of BDI-II scores
served as the target variable to be predicted.

To predict individual outcomes on psychiatric scales, ten
different ML classifiers were employed. Algorithms included
ensemble methods such as Random Forest, AdaBoost, Gra-
dient Boosting, and Extra Trees, as well as individual classi-
fiers like Support Vector Machine (SVM), K-Nearest Neigh-
bors (KNN), Decision Tree, Multi-Layer Perceptron (MLP),
Stochastic Gradient Descent (SGD), and Logistic Regres-
sion. The algorithms were implemented in Python using the
scikit-learn library 1.

In this study, to obtain more stable estimates and enhance
the generalizability of model performance, the K-fold cross-
validation technique was employed. All algorithms were also
fine-tuned using GridSearch 2 to identify the best hyper-
parameter configuration.

D. Performance Metrics

The performance of the ML algorithms employed for the
classification task is assessed using metrics including preci-
sion, recall, F1-score, and accuracy, able to reflect the model’s
ability to accurately predict depressive severity during the
lockdown.
True positives (TP), false positives (FP), true negatives (TN),
and false negatives (FN) are combined to calculate the ac-
curacy, which measures the proportion of correct predictions
made by the model out of all predictions.

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

1https://scikit-learn.org
2https://scikit-learn.org/stable/modules/generated/sklearn.model selection.

GridSearchCV.html

TABLE II: Classification Scores for BDI-II at t1

Classifier Precision Recall F1 Score Accuracy
Random Forest 0.88 0.87 0.86 0.87
SVM 0.89 0.88 0.87 0.88
KNN 0.76 0.75 0.73 0.75
Decision Tree 0.75 0.76 0.75 0.76
MLP 0.83 0.83 0.82 0.83
SGD 0.81 0.81 0.78 0.81
AdaBoost 0.87 0.86 0.85 0.86
Gradient Boosting 0.80 0.79 0.77 0.79
Extra Trees 0.88 0.88 0.88 0.88
Logistic Regression 0.90 0.89 0.89 0.89

Furthermore, FP, FN, and TP serve as the basis for calcu-
lating precision and recall, defined as:

Precision =
TP

TP + FP
(2)

Recall =
TP

TP + FN
(3)

The F1-score is evaluated either by using both recall and
precision or by using TP, FP, and FN, as shown below:

F1 =
2 ∗ Precision ∗Recall

Precision+Recall
=

2 ∗ TP
2 ∗ TP + FP + FN

(4)

E. Explainability Analysis: SHAP and PDP

Explainability analysis was conducted by means of SHap-
ley Additive exPlanations (SHAP) and further explored with
Partial Dependence Plots (PDPs). SHAP aims to explain
the output of a ML model. Based on game theory, SHAP
assigns an importance value to each feature, that measures the
influence that the feature gives to the model’s output 3.

PDPs are a well-established method for analyzing the rela-
tionship between a set of input features and a specific target
variable, while controlling the effects of other variables [19].
This technique allows us to visually represent and understand
the impact that each single predictor has on the outcome,
offering valuable insights into how features interact with
the target variable. A PDP shows how the model’s average
prediction changes as a single feature varies, while all other
features are held constant, typically at their average values.

III. EXPERIMENTAL RESULTS

In this section, we first discuss the results from the classi-
fication task, which aims to predict depression at t1, during
the lockdown, using scores from other psychological scales
collected before the pandemic at t0, along with demographic
variables.

As mentioned, K-fold cross-validation was implemented
to guarantee a thorough and reliable evaluation of the model,
and all algorithms were fine-tuned through GridSearch for
optimal hyperparameter selection. In Table II, all metrics from

3https://shap.readthedocs.io/en/latest/



algorithm performance are reported. The classification perfor-
mance is generally strong, with accuracy almost exceeding
80% across all models.

Gradient Boosting was then selected to conduct SHAP
and PDP analysis, as it is well-suited for feature importance
interpretation. In particular, it effectively supports SHAP val-
ues and PDPs, which are essential for our interpretability
objectives. For the explainability analysis, we first generated
a summary plot, shown in Fig. 2. In a SHAP summary
plot, features are ranked by their average contribution to the
prediction, with the top ones being the most influential. In
our case, the top-ranking features indicating the most relevant
variable in predicting the outcome were Item 9 from the BDI-
II scale, followed by Item 1 and Item 3 from the same scale.
The Items are as follows:

Item 9 from BDI-II scale

9. Suicidal Thoughts or Wishes
0. I have no suicidal thoughts.
1. I have suicidal thoughts, but I would not act on
them.
2. I feel I would be better off dead.
3. If given the chance, I would not hesitate to kill
myself.

Item 1 from BDI-II scale

1. Sadness
0. I do not feel sad.
1. I feel sad most of the time.
2. I am always sad.
3. I feel so sad or unhappy that I can’t bear it.

Item 3 from BDI-II scale

3. Failure
0. I do not feel like a failure.
1. I have failed more than I should have.
2. When I look back on my life, all I can see is a
series of failures.
3. I feel like a total failure as a person.

The three most relevant questions that potentially determine
depression in a lockdown phase are related to Suicide, Sadness,
and Failure before the pandemic. Moreover, SHAP values in-
dicate whether a feature increases or decreases the prediction.
High scores from Item 9 strongly contribute to the prediction
of the positive class. This means higher scores related to Item
9, Suicide-related, lead to high levels of depression symptoms
during a possible lockdown. Item 3 follows the same trend,
where at higher scores of Failure are associated higher chances
of depression symptoms during a lockdown. Item 1 is highly
relevant, but not as much, to the prediction direction. These
results highlight how Suicide, Sadness, and Failure are the
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Fig. 2: SHAP summary plot of the Gradient Boosting model
for the target variable BDI-II. Features are ranked by impor-
tance, highlighting the role of Item 9, 1 and 3 from BDI-II
scale.

most immediate and recognizable emotions related to the
development and worsening of depressive symptoms caused
by a lockdown. They are also additional evidence that social
isolation can increase the link to depression.

Since Item 9, 3, and 1 from BDI-II are the most relevant
features identified from the SHAP analysis, we applied PDP
to better interpret the model. The PDP for Item 9 (Fig. 3a)
shows a largely flat trend, indicating that Item 9 has a hidden
correlation with other variables and PDP is unable to show
the influence the item has. The PDP for Item 1 (Fig. 3b)
shows that the predicted probability of being classified as
depressed increases when participants select option 0 or 1. For
Item 3 (Fig. 3c), the prediction increases when participants
select higher values. On the x-axis, in certain intervals the
curve remains relatively constant, although it fluctuates slightly
across different y-values. This suggests that after a certain
level of failure or sadness is reached, further increases do
not consistently influence the prediction the model’s response
becomes saturated.

IV. CONCLUSION

This paper presents an experimental study that aims to
predict the Beck Depression Inventory (BDI-II) scores during
the lockdown. The prediction leverages demographic informa-
tion and scores from multiple psychological scales collected
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Fig. 3: Partial Dependence Plots for selected BDI-II items at
t0. A noticeable increase in model response is observed for
low-to-moderate scores of both Item 1 and Item 3 for BDI-II
scale at t0.

prior to the pandemic. The study was conducted in Italy,
a country strongly impacted by the COVID-19 pandemic
restrictions, in particular at the University Hospital ‘Federico
II’ in Napoli, where complete standardized psychological
questionnaires were administered to a selected population of
patients both before and during the COVID-19 lockdown. The
collected dataset has a limited sample size of 94 samples.
To assess and confirm the generalizability of the outcome of
this research, we plan to run other campaigns to collect more
samples and to further validate our approach. The predictive
performance was strong, with accuracy almost exceeding 80%
in all cases. Gradient Boosting was selected as the best-
performing model, and eXplainable AI (XAI) techniques such
as SHAP and Partial Dependence analysis was applied. The
analysis revealed that certain items such as Item 1, 3, and 9
from the BDI-II played a significant role in the prediction.
These findings suggest that specific questionnaire items could
serve as important indicators to monitor in order to anticipate
depressive outcomes in similar future scenarios.
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[1] Ladislav Kesner and Jiřı́ Horáček. Three challenges that the COVID-19
pandemic represents for psychiatry. The British Journal of Psychiatry,
217(3):475–476, 2020.

[2] Andrea Fiorillo, Gaia Sampogna, Vincenzo Giallonardo, Valeria
Del Vecchio, Mario Luciano, Umberto Albert, Claudia Carmassi,
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